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In this work we analyse the growth of the cumulative number of confirmed infected cases by the
COVID-19 until March 27th, 2020, from countries of Asia, Europe, North and South America. Our
results show (i) that power-law growth is observed for all countries; (ii) by using the distance correla-
tion, that the power-law curves between countries are statistically highly correlated, suggesting the
universality of such curves around the World; and (iii) that soft quarantine strategies are inefficient
to flatten the growth curves. Furthermore, we present a model and strategies which allow the gov-
ernment to reach the flattening of the power-law curves. We found that, besides the social distance
of individuals, of well known relevance, the strategy of identifying and isolating infected individuals
in a large daily rate, can help to flatten the power-laws. These are essentially the strategies used
in the Republic of Korea. The high correlation between the power-law curves of different countries
strongly indicate that the government containment measures can be applied with success around
the whole World. These measures must be scathing and applied as soon as possible.
PACS numbers: Pacs: 87.19.xd, 05.45.Tp, 87.18.-h
Since the identification of a novel coronavirus
(COVID-19) in Wuhan, China, in December
2019, the virus kept spreading around the World.
One of the most remarkable characteristics of
COVID-19 is its high infectivity, resulting in a
global pandemic. In this complex scenario, tasks
like protect the people from the infection and
the global economy may be considered two of the
greater challenges nowadays. In order to improve
our knowledge about the COVID-19 and its be-
havior in different countries over the World, we
exhaustively explore the real time-series of cu-
mulative number of the confirmed infected cases
by the COVID-19 in the last months until March
27th, 2020. In our analysis we considered coun-
tries of Asia, Europe, North and South Amer-
ica. Our main findings clearly show the exis-
tence of a well established power-law growth and
a strong correlation between power-law curves
obtained for different countries. These two ob-
servations strongly suggest an universal behav-
ior of such curves around the World. To im-
prove our analysis, we use a model with six au-
tonomous ordinary differential equations, based
on the well-known SEIR (Susceptible-Exposed-
Infectious-Recovered) epidemic model (consider-
ing quarantine procedures) to propose efficient
strategies which allow the government to increase
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the flattening of the power-law curves. Addition-
ally, we also show that soft measures of quaran-
tine are inefficient to flatten the growths curves.
I. INTRODUCTION
The astonishing increase of positively diagnosed cases
due to COVID-19 has called the attention of the whole
World, including researchers of many areas and govern-
ments. It urges [1] to find explanations for the already
known data and models which may allow us to better
understand the evolution of the viruses. Such explana-
tions and models can hopefully be used to implement
social policies and procedures to decrease the number of
infections and deaths. Time urges to avoid economic and
social catastrophes.
In general, the average reproductive number R0, which
gives the number of secondary infected individuals gen-
erated by a primary infected individual, is the key quan-
tity which determines the dynamical evolution of the
epidemic [2]. Usually, for values R0 < 1, the number
of new infected individuals decreases exponentially. For
1 < R0 < ∞ this number increases exponentially [2, 3].
However, nature is full of surprises and there are plenty
of cases for which the exponential behavior is substituted
by power-law [4] and are related to branching processes
with diverging reproductive number [2], scale free net-
works and small worlds [5]. It was already suggested
in the literature that the COVID-19 growth might be a
small world [6]. This is in agreement with recent results
[7] suggesting that for many countries around the World
the COVID-19 growth has the tendency to follow the
power-law.
In fact, recent analysis regarding the behavior of the
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2COVID-19 in China demonstrated a power-law tµ growth
of infected cases [8]. Authors found exponents around
µ = 2.1± 0.3, which do not vary very much for different
provinces in China. This suggests that socio-economical
differences, local geography, differences in containment
strategies, and heterogeneities essentially affect the value
of the exponent µ, but not the qualitative behavior. A
model of coupled differential equations, which includes
quarantine and isolations effects, was used by the authors
to match real data. Power-law growths for China were
obtained also in another study and a possible relation to
fractal kinetics and graph theory is discussed [9].
In line to the above last week publications, the present
work analyzes the time-series evolution of the COVID-19
for the following countries: Brazil, China, France, Ger-
many, Italy, Japan, Republic of Korea, Spain, and United
States of America (USA). In all cases we observe a power-
law increase for the positive detected individuals, where
the exponent µ changes for different countries. In addi-
tion to the power-law behavior we also computed the Dis-
tance Correlation (DC) [10] between pairs of countries.
The DC is able to detect nonlinear correlations between
data [11, 12]. We show that power-law data are highly
correlated between all analyzed countries. This strongly
suggest that government strategies to flatten the power-
law growth, valid for one country, can be successfully
applied to other countries and continents. Furthermore,
a model of Ordinary Differential Equations (ODEs) is
proposed and some strategies to flatten the power-law
curves are discussed using the numerical simulations.
The paper is divided as follows. Section II presents the
power-law growth of confirmed infected cases of COVID-
19 and the DC between pairs of countries is determined.
Section III discusses numerical results using the proposed
model showing many strategies to flatten the power-law
growth. In Section IV we summarize our results.
II. REAL DATA ANALYSIS
A. Power-law growths
Figure 1 displays data of the cumulative number of
confirmed positive infected cases by COVID-19 of nine
countries as a function of the days. The analyzed coun-
tries are (in alphabetic order): Brazil, China, France,
Germany, Italy, Japan, Republic of Korea, Spain, and
USA. Data were collected from the situation reports pub-
lished daily by the World Health Organization (WHO)
[13]. We notice that the values in the vertical axis in
Fig. 1 change for different countries. Initial data regard-
ing the incubation time were discarded since they do not
contribute to the essential results discussed here. Black-
continuous curves are the corresponding fitting curves
α + β tµ, where t is the time given in days, α, β, and
µ are parameters. The insets in all plots show the data
in the log-log scale. Straight lines in the log-log plot
represent power-law growth. The fact that the growth
increases as a power-law is good news since it increases
slower than the exponential one. However, that is not
good enough.
The regimes with power-law growth are the most rel-
evant to be discussed since they provide essential infor-
mation of what is expected for the future and possible
attitudes needed to flatten the curves. The exponent µ
changes for distinct countries and the complete fitting
parameters are given in Table I. Results in Table I are
presented in decreasing order of the exponent µ. USA
[Fig. 1(a)] has by far the largest exponent and therefore
became already the country with epidemic records. Even
though Germany [Fig. 1(b)] reported a small number of
deaths, it has the second large exponent, followed by
Spain [Fig. 1(c)], France [Fig. 1(d)] and Italy [Fig. 1(e)],
in this order. China [Fig. 1(f)], Brazil [Fig. 1(g)], Japan
[Fig. 1(h)], and Republic of Korea [Fig. 1(i)], in this or-
der, are the last in the list. In the case of China and
Republic of Korea the power-laws are more clear due to
the number of available data. For these two countries a
flatten is observed after the power-law. The jump ob-
served after 30 days in China data are due to a change in
the counting procedure of infected cases (see the situation
report on February 17th, 2020, in Ref. [13]). Republic
of Korea, on the other hand, focused on identifying in-
fected patients immediately and isolating them to inter-
rupt transmission [14]. It is interesting to note that for
Japan, another country that adopted similar measures,
we obtained a similar value for µ.
Table I. Details about the parameters of the fitting curves for
the power-law behavior α+ β tµ shown in Fig. 1.
Country α β µ
USA 0 0.009 4.994 ± 0.216
Germany 0 0.223 3.734 ± 0.107
Spain 308 0.386 3.686 ± 0.037
France 280 0.467 3.341 ± 0.031
Italy 0 2.868 2.934 ± 0.040
China 98 24.013 2.492 ± 0.020
Brazil 59 18.450 1.971 ± 0.054
Japan 112 3.107 1.685 ± 0.034
Republic of Korea 0 62.574 1.670 ± 0.065
The most desired behavior is that the exponent µ be-
comes smaller leading to a flattening of the curves. But
this is apparently not that easy. Besides USA and Ger-
many, which have a distinct inclination in the beginning
of their power-laws, and China and Republic of Korea,
which are stabilizing the epidemic spread, for all other
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Figure 1. Cumulative number of confirmed infected cases by COVID-19 as a function of time for (a) USA, (b) Germany, (c)
Spain, (d) France, (e) Italy, (f) China, (g) Brazil, (h) Japan and (i) Republic of Korea, excluding days with less than 100
infected. The black-continuous curves represent the function α+ βtµ that fit the time-series, and the parameters α, β, and µ
for each country are described in Table I.
countries the growth remains strictly on the fitted curve
and µ essentially does not change in time. In Sec. III we
discuss some possibilities to flatten the power-laws.
B. Distance Correlation between countries
The power-law observed in all cases from Fig. 1 are
certainly not a coincidence, but a consequence of virus
propagation in scale free systems. To quantify the rela-
tion between the power-law growth we use the DC, which
is a statistical measure of dependence between random
vectors [10, 15–18]. Please do not confuse the word dis-
tance with the geographical distance between the ana-
lyzed countries. The most relevant characteristics of DC
is that it will be zero if and only if the data are indepen-
dent and equal to one for maximal correlation between
data. Details about the definition of DC are given in
Appendix A.
Figure 2 presents specific results for the DC calculated
between some selected countries, namely Brazil, Italy,
Japan, and USA. Italy were chosen due to their rele-
vance in Europe, relevance regarding to typical data of
the virus. USA was chosen for being nowadays the top
affected country and Brazil and Japan representing dis-
tinct continents and distinct epidemic containment mea-
sures. Thus, we compute the DC between four conti-
nents. Figures 2(a), 2(b), 2(c), 2(g), 2(h), and 2(i) are
the cumulative number of confirmed cases in each coun-
try, as in Fig. 1, but considering data since the first day
the infections were reported. In these curves we clearly
see the initial plateaus due to the incubation time. After
the plateaus, a qualitative change to a power-law growth
(the same from Fig. 1) occurs. The time for which the
qualitative change occurs is distinct for each country.
Figures 2(d), 2(e), 2(f), 2(j), 2(k), and 2(l) display the
corresponding DC calculated between the countries. Re-
sults show that DC between the curves is relatively high
in the beginning. The lowest values are obtained for the
DC between Brazil and Italy, in Fig. 2(d), and for the
DC between Italy and USA, shown in Fig. 2(k), both
cases around DC = 0.4. The DC decays substantially
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Figure 2. In panels (a), (b), (c), (g), (h), and (i) the log-log plot of the cumulative numbers of confirmed infected cases as a
function of time are presented for the possible pairs of countries formed between Brazil, Italy, Japan, and USA. The semi-log
plot of DC calculated between these pairs of countries is presented in panels (d), (e), (f), (j), (k), and (l), respectively.
when the power-law starts in one country but not in the
other. The exception is between Japan and USA. After
some days, when both countries reach the power-law be-
havior, the values of DC become very close to 1. Thus,
they are highly correlated besides distinct exponents µ.
Furthermore, the DC is not necessarily related to the ex-
ponent µ. One example can be mentioned. Even though
USA has the largest exponent and Japan the lowest one
(considering the error in Table I), they are highly cor-
related. Besides that, even though there are not many
data available for Brazil, it seems to become more and
more correlated with Italy and Japan.
III. PREDICTIONS AND STRATEGIES
The model proposed in this work for the numerical
prediction and strategies is presented in details in Ap-
pendix B. It is a variation of the well known Susceptible-
Exposed-Infectious-Recovered (SEIR) epidemic model
[19, 20] to propose efficient strategies which allow the
government to increase the flattening of the power-law
curves. Our SEIR model takes into account the isolation
of infected individuals [21–24]. In this case, the quar-
antine means the identification and isolation of infected
individuals. The parameters are divided in two cate-
gories: (i) those related to the characteristic of the virus
spreading, defined a priori from other studies and (ii)
those related to adjusting the model to the real data (for
more details please see Appendix B). These parameters
can change according to social actions and government
strategies.
Numerical results of this section take into account pos-
sible interferences or strategies from the government of
each country, what means that some parameters must
be changed after the last day of the real data. For each
distinct strategy, we use distinct colors which are then
plotted.
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Figure 3. Log-log plot of cumulative number of confirmed cases (black circles) for Italy [(a) and (c)] and France [(b) and (d)]
as a function of time and the projected number of cases (colored lines) using distinct government strategies (discussed in the
text).
The colors of the subtitles represent the application of
distinct strategies which leads to distinct scenarios. For
a detailed explanation of variables and parameters, please
see the Appendix B. The colors used in Fig. 3 for the dis-
tinct scenarios are the following (for continuous curves):
Red curves: the tendency which follows from the be-
havior of the last points of real data (last values for θeff
and κeffs ). This is what happens if we do not change the
current scenario on March 28th.
Blue curves: reduction of social interactions by using
smaller values of θ. Dark blue for θ = 1.2, medium blue
for θ = 1.0 and light blue for θ = 0.8.
Green curves: reduction of social interaction together
with tests to identify and isolate asymptomatic and mild
symptomatic cases. Here we use θ = 1.0 and κa = 0.01.
Magenta curves: reduction of social interaction to-
gether with tests to identify and isolate asymptomatic
and mild symptomatic cases. Here we use θ = 1.0 and
κa = 0.05.
Orange curves: identification and isolation of asymp-
tomatic and mild symptomatic cases with rate κa = 0.20.
In this strategy we do not increase the social distance and
use the last value for θ obtained in the adjustment.
For the dashed curves the configurations are the same
inside each color. However, in these curves, the asymp-
tomatic and mild symptomatic identified cases are not
accounted for. We notice that without the realization
of tests in the population, the asymptomatic individuals
would not be computed.
We start discussing the cases of Italy and France,
shown in Figs. 3(a), 3(c) and Figs. 3(b), 3(d), respec-
tively. In these cases κs = 1, which means that we as-
sume that all symptomatic individuals are properly iso-
lated. Figures 3(c) and 3(d) show the evolution of scenar-
ios for 120. The vertical axis is the cumulative number
of positive infected individuals in the population. In the
horizontal axis we have the days since the first computed
case in these countries. Black circles are the real data
6starting from the power-law-like behavior discussed in
Sec. II. During the times for which real data are avail-
able, the model chooses the values of the parameters θ
and κs that better adjust the simulation results with the
data. In the cases shown in Fig. 3 we needed three val-
ues of θ and κs, namely the values θeff and κeffs given in
the figures. As a consequence, the red curves are in full
agreement with the data in this time interval. When the
available data end, the simulation continues and the red
curves can be used to predict the asymptotic number of
confirmed cases since they represent the scenario follow-
ing the tendency demonstrated by the data. In the case
of Italy we obtain 5.6×106 and for France 1.0×107. See
the tendencies in Figs. 3(c) and 3(d). The considerable
difference between these projections is explained by the
last values of θeff and κeffs obtained for these countries.
Besides θeff being larger for France, we obtain κeffs = 0,
which can be interpreted as the nonexistence of quaran-
tine measures or the inefficient isolation of symptomatic
individuals. We are aware that such asymptotic behavior
can be hardly trusted with numerical simulation of mod-
els. However, our intention in displaying such asymptotic
behavior is to show that the proposed model converges
to reasonable values.
Now we discuss results for some emblematic scenarios
for the model when specific strategies are applied to Italy
and France on day March 28th. For both countries we
assume κs = 1 for all strategies, which means that all
symptomatic individuals per day are putted into quar-
antine. We can see that the strategy represented by the
orange curves is not sufficient to reduce significantly the
total number of confirmed infected individuals for France,
since the last value θeff = 1.90 indicates a large level of
social interaction in this country. On the other hand, for
Italy a considerable reduction is observed, specially for
the orange-dashed curve, which indicates only the num-
ber of symptomatic cases. Strategies related to the blue
curves mitigate the growth of the number of confirmed
cases and, with exception of the dark blue case for Italy,
lead to smaller asymptotic values when compared to the
red curves and orange scenarios. The light curves, re-
lated to large social distance (θ = 0.8), are the most effi-
cient scenarios to induce an accentuated reduction of the
growth and a fast convergence to the maximal number
of confirmed cases. Furthermore, green curves tend to
approach the medium blue curves, which means that, for
θ = 1.0, there is no significant difference between isolat-
ing 1% (κa = 0.01) of the asymptomatic individuals per
day or doing nothing. However, increasing the daily ratio
of detection and isolation of asymptomatic individuals to
κa = 0.05, a noticeable reduction of the asymptotic value
of infected individuals is observed (see magenta-dashed
curves). Nevertheless, none of these strategies are better
than increasing the social distance, scenario represented
by the light blue curves.
At next we discuss cases for Brazil and USA using
other strategies. Results are shown in Figs. 4(a), 4(c)
and Figs. 4(b), 4(d), respectively. Figures 4(c) and 4(d)
furnish predictions for the number of infected individu-
als. Due to the distinct scenarios, we had to change a bit
the color subtitles (Please see also color labels in Fig. 4):
Red curves: have the same meaning as before.
Blue curves: are still related to the reduction of social
interaction so that θ can take the values θ = 2.0, 1.5 and
1.0, going from dark blue to light blue.
Green curves: reduction of social interaction together
with tests to identify and isolate asymptomatic and mild
symptomatic cases. Here we use θ = 2.0 and κa = 0.20.
Magenta curves: reduction of social interaction to-
gether with tests to identify and isolate asymptomatic
and mild symptomatic cases. Here we use θ = 1.5 and
κa = 0.15.
Orange curves: reduction of social interaction together
with tests to identify and isolate asymptomatic and mild
symptomatic cases. Here we use θ = 1.0 and κa = 0.10.
For the dashed curves, the parameters are the same as
those from the continuous curves above, but represent
the total number of confirmed symptomatic individuals.
We notice that asymptomatic individuals, or those with
very light symptoms, would not be identified without re-
alization of tests and are not computed in the number of
confirmed cases.
As in Fig. 3, during the times for which real data are
available, the model chooses the values of the parameters
θ and κs that better adjust the simulation results with
the real data. In the case of Brazil and USA we obtain
two values of θeff , as shown in Fig. 4(a) and (b) with
the corresponding numerical values. Red curves nicely
fit the data as long they are available. For the USA case
there were some difficult to adjust the parameters since
the data show some irregularities. In the case for which
the strategy does not change (θ = θeff and κs = κeffs ),
the red curves increase very much for both countries.
Very high asymptotic values of infected individuals are
reached, 3.4× 107 cases for Brazil and 5.9× 107 cases for
USA.
Now we discuss results when new government strate-
gies are applied to Brazil and USA on March 28th. All
blue curves (dark to light) tend to mitigate the growth of
the asymptotic number of cases for both countries. How-
ever, values of θ = 2.0 and 1.5 still lead to large asymp-
totic values. The case with θ = 1.0 is the most relevant
strategy to flatten the curve efficiently. From the strate-
gies which combine social distance with quarantine for
the asymptomatic and mild symptomatic cases, stands
out the inefficiency of the scenario with θ = 2.0 and
κa = 0.20 to flatten the green curve. On the other hand,
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Figure 4. Log-log plot of cumulative number of confirmed cases (black circles) for Brazil [(a) and (c)] and USA [(b) and (d)]
as a function of time and the projected number of cases (colored lines) using distinct government strategies (discussed in the
text).
strategies with larger social distance (magenta and or-
ange curves) lead to more promising scenarios. The bet-
ter prediction emerges when using θ = 1.0 and κa = 0.10
(orange curves). For comparison, if we consider only
the symptomatic cases, we obtain the asymptotic values
3.0× 104 (light blue curve) and 1.6× 104 (orange-dashed
curve) for Brazil and 8.7 × 105 (light blue curve) and
4.6× 105 (orange-dashed curve) for USA. As in the case
of France and Italy, also for Brazil and USA we observe
that the social distance is the key element to reduce the
growth rate of the maximum of symptomatic cases.
IV. CONCLUSIONS
The power-law growth of the cumulative number of
confirmed infected individuals by the COVID-19 until
March 27th, 2020, is shown to be the best description
scenario for the countries: Brazil, China, France, Ger-
many, Italy, Japan, Spain, Republic of Korea, and USA.
Distinct power-law exponents for the countries are found
and summarized in Table I. The power-law behavior sug-
gests that the underlying propagation dynamics of the
virus around the countries follows scale free networks,
fractal kinetics and small world features [5, 6, 9]. While
power-laws with distinct exponents may look similar vi-
sually, it is necessary to quantify this similarity. For this
we compute the Distance Correlation [10–12] between all
countries mentioned above (not shown). However, us-
ing representative countries of four continents, namely
Brazil, Italy, Japan, and USA, results for the DC are pre-
sented in Fig. 2. They show that the power-law growth
between these countries are highly correlated, even be-
tween north and south hemispheres. The high correla-
tion between the power-law curves of different continents
strongly suggest that government strategies can be ap-
plied with success around the whole World.
Furthermore, we propose a variation of the well known
SEIR epidemic model [19, 20] for predictions using (or
not) distinct government strategies applied on March
28th, 2020. We apply numerically distinct strategies to
flatten (or not) the power-law curves. Even though the
social isolation, a well know benefit, is very powerful to
flatten the curves, we found other strategies which lead
to comparable results. For Italy and France, for example,
the best scenario was obtained when reducing the social
8interaction to θ = 0.8 (light blue curves). However, if
5% of the asymptomatic and mild symptomatic individ-
uals are identified and isolated every day (κa = 0.05),
asymptotic values of the same order of magnitude for
the symptomatic cases were obtained even if θ = 1.0
(magenta-dashed curve). On the other hand, for Brazil
and USA, our simulations confirm that to keep the social
distance is essential to decrease the asymptotic number
of infected individuals, and even better results could be
obtained by increasing the tests to identify and isolate
asymptomatic and mild symptomatic individuals (com-
pare light blue and orange curves). The above combi-
nation between social interaction and the huge degree of
isolation of infected individuals could be implemented to
prevent economic catastrophes because people are not
working. In other words, let some essential individuals
go back to work (increasing θ) and, simultaneously, in-
crease by a huge amount the number of daily tests and
isolation of infected individuals. This could furnish an
efficient scenario to flatten the power-law.
Nevertheless, we point out again that our main results
confirm that the social isolation of individuals is by far
the best efficient strategy to flatten the curves.
Appendix A: The distance correlation
In this section we give a precise definition of the DC
following [10]. Consider joint random sample (X,Y ) =
{(Xk, Yk) : k = 1, ..., N} with X,Y ∈ Rp and N ≥ 2,
with i = 1, ..., N and j = 1, ..., N . In addition con-
sider the matrix Aij = aij − a¯i. − a¯.j + a¯.., where
aij = |Xi−Xj |p is the Euclidean norm of the distance be-
tween the elements of the sample, a¯i. = 1N
∑N
j=1 aij and
a¯.j =
1
N
∑N
i=1 aij are the arithmetic mean of the rows
and columns, respectively, and a¯.. = 1N2
∑N
i,j=1 aij is the
general mean. A similar matrix Bij = bij − b¯i.− b¯.j + b¯..,
can be defined using bij = |Yi − Yj |p. The terms bij , b¯i.,
b¯.j and b¯.. are similar to those from matrix Aij . From
these matrices we compute the empirical distance corre-
lation from
DCN (X,Y ) =
σN (X,Y )√
σN (X)σN (Y )
, (A.1)
where
σN (X,Y ) =
1
N
√√√√ N∑
i,j=1
AijBij , (A.2)
and
σN (X) =
1
N
√√√√ N∑
i,j=1
A2ij , σN (Y ) =
1
N
√√√√ N∑
i,j=1
B2ij .
(A.3)
Appendix B: The Model
The proposed model contains six ODEs and is an ex-
tension of a model known in the literature [21–23]. Many
other related models have been proposed with distinct
characteristics [20–26]. In our case we consider symp-
tomatic Is and asymptomatic Ia infected individuals (Ia
also includes individuals with mild symptoms). Quar-
antine Q is also contemplated, respectively. The tran-
sition rate from asymptomatic to symptomatic cases is
neglected as an first approach. The Ordinary Differen-
tial Equations (ODEs) are given by
S˙ = − θ
Tinf
(Is + αIa)
N
S, (B.1)
E˙ =
θ
Tinf
(Is + αIa)
N
S − E
Tlat
, (B.2)
I˙s = (1− β) E
Tlat
−
(
κs +
1
Tinf
)
Is, (B.3)
I˙a = β
E
Tlat
−
(
κa +
1
Tinf
)
Ia, (B.4)
Q˙ = κsIs + κaIa − Q
Tserial
, (B.5)
R˙ =
Is + Ia
Tinf
+
Q
Tserial
. (B.6)
The dot represents the time derivative and the variables
are:
• N = S + E + Is + Ia +Q+R: total population.
• S: individuals susceptible to infection.
• E: exposed individuals, remain latent until in-
fected.
• Is: symptomatic individuals. Represent individu-
als with strong symptoms. We assume that these
individuals look for health care and are included in
the confirmed cases.
• Ia: asymptomatic individuals and mild symp-
tomatic cases.
• Q: infected individuals isolated (in quarantine),
• R: individuals which were infected and not identi-
fied but became immune.
To adjust the parameters following distinct countries, as
well as government measures, we used the cumulative
number of confirmed infected individuals Ccum.The num-
ber of confirmed infected individuals as a function of time
is defined by C(t) = Is(t) + Q(t). Parameters which do
not depend on strategies are:
• Tserial = 7.5 days: mean serial interval [27]. Is the
mean time between successive cases of the trans-
mission of the disease.
9• Tlat = 5.2 days: mean incubation period [27]. As-
sumed to be equal to the latent time [20], which
is the time interval the exposed individual remains
infectious, also denominated incubation time.
• Tinf = Tserial − Tlat: infectious period [20].
• α = 1.0: ratio between infectiousness of asymp-
tomatic and symptomatic individuals. We as-
sume that the numbers of asymptomatic and symp-
tomatic individuals are equal.
• β = 0.8: population ratio which remains asymp-
tomatic or mild symptomatic, which is the most
common observed cases (see the situation report
46 in Ref. [13]).
Parameters which are related to the use of distinct strate-
gies are:
• θ = γR0: replication factor, with γ being a num-
ber that represents the proportion of interaction
between individuals and R0 the basic reproduction
number. In our model, θ is an adjustable parameter
according to WHO data.
• κs: isolation rate of symptomatic individuals.
• κa: isolation and identification rate of asymp-
tomatic individuals.
In this model, no rigid quarantine is taken into account
and no immunization term is defined, since until today
no vaccine has been developed. In Eq. (B.5), the fac-
tor Tserial dividing Q represents a rate of exit from the
quarantine (for the group R).
It is of most relevance to mention that the only ad-
justable parameters in our simulations are θ and κs. This
is important since for systems composed of differential
equations with r parameters, 2r+1 experiments are need
to obtain all the information that is potentially available
about the parameters [28]. Since in our case r = 2, we
need 5 real data to adjusted parameters correctly. All
real data used in Figs. 3 and 4 to find θeff and κeffs are
larger than 5. Furthermore, the initial condition for the
variable E(t0) is adjusted only in the first part of the
data, where the first θeff and κeffs are determined along
the data. It could be thought that such initial condition
must be include in the adjustable parameters. However,
even in such case, r = 3 and 2r+1 = 7. The lowest num-
ber of available data in the first part of data is 9, as can
be seen in Fig. 3(b), meaning that even in the worst case
our adjustments are trustful. The goal is to minimize
the mean square error between the predicted curve and
real data. In the case analyzed here, κa = 0 along the
real data. It is only changed, not adjusted, when there
are information available about the test realization in the
population. We do not start the parameter’s adjustment
from the first day of reported infections, but later on.
The model produces better results in such cases.
Regarding the adjustment of the parameters (θ, κs) =
(θeff , κeffs ), we minimize the mean square error sepa-
rately inside the three set of data in Figs. 3(a) and 3(b),
and inside the two set of data in Figs. 4(a) and 4(b). To
do so we vary the parameters inside the intervals θ ∈ [0, 6]
and κs ∈ [0, 1] with a step 0.05. The initial condition
for E(t0) is determined inside the first part of the data
considering (θ, κs, E(t0)) in the interval E(t0) ∈ [0, 5000]
using a step equal 5.
The initial condition set used in the numerical inte-
gration process of the ODEs is the following: Q(t0) =
R(t0) = 0; Ia(t0) = βIs(t0)/(1 − β), where Is(t0) rep-
resent the number of confirmed infected cases, obtained
from the real time-series for the day t0. S(t) is deter-
mined accordingly to the total number of people for each
country and the previous initial conditions.
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